This paper suggests an advanced hybrid multi output optimization technique by applying weighted principal component analysis (WPCA) incorporated with response surface methodology (RSM). This investigation has been carried out through a case study in CNC turning of Aluminum alloy 63400 for surface roughness (Ra) and tool vibration (db) optimization. Primarily, input parameters such as spindle speed (N), feed rate (S) and depth of cut (t) are designed for experiment by using RSM Box-Behnken methodology. The aluminum alloy workpieces are machined by using coated carbide tool (inserts) in dry environment. Secondly, the empirical model for the responses as the functions of cutting parameters are obtained through RSM technique and the adequacy of the models have been checked using analysis of variance (ANOVA). Finally, the process parameters are optimized using WPCA technique. The confirmatory experiment has been performed using optimized result and it reveals that multiple response performance index (MPI) value was increased by 0.2908 from initial setting. The increases in MPI value indicates that the aforesaid optimization methodology is suitably acceptable for multi response optimization for turning process.
Introduction
Turning is one of the primitive and widely applicable machining processes. To cope with minimum cost and flexibility in machining process, automation to the conventional turning process has been adopted. In general, the machining study emphasizes on work material composition and its mechanical properties, cutting tool properties and all the input parameter settings that influence output quality characteristics as well as process efficiency. Process efficiency can be significantly improved by optimization of process parameters which identifies the zone of critical process parameter leading to desired responses by ensuring low cost of production (Montgomery, 1997) .Aluminum and its alloys have been widely used in biomedical, pharmaceutical, food processing, health care, automotive and space research industries for various applications. They exhibit strong, light weight, higher ductility as well as excellent oxidation and corrosion resistance. However, machining of aluminium is associated with some difficulties due to its softness. Due to the soft and sticky nature of aluminium, specific geometries and characteristics of carbide inserts are generally used for efficient machining and to avoid built up edge formation (Roy et al., 2009) .
Surface roughness has a viable importance in machining process as it is regarded as a measure of quality index of a product (Wang et al., 2010) . It measures the closely spaced irregularities smaller than waviness in the surface texture. However, achieving a desired surface finish is a major issue with respect to functional behaviour of a machined part. The production cost and performance of machined parts are greatly influenced by surface finish as it affects various factors such as friction, geometrical tolerance, ease of holding, transition fit, thermal and electrical conductivity and many more (Makadia & Nanavati, 2013) . In turning process, the surface finish is influenced by various parameters such as feed rate, depth of cut, cutting speed, nose radius of cutting tool, cutting environment, tool wear, machine vibrations, mechanical and material properties of work material and tool. A small deviation in any of the aforementioned parameters may affect the machined surface significantly (Knight & Boothroyd, 2005) . The un-avoidable dynamic interactions between the cutting tool and work piece cause vibration and hence the chatter noise. This chatter has adverse effect on various parameters including surface roughness, dimensional accuracy, tool wear, etc. (Siddhupura & Paurobally, 2012) . According to Tobias (1961) , mechanical vibration in turning process is classified into three categories viz. natural, force and self-excited. These vibrations mainly occur due to the lack of rigidity of the machine tool. Among them, self-excited vibration or chatter is the most harmful and uncontrollable because of its complex nature. Therefore, there is a need to analyze and optimize such responses which has adverse effect on machining process to make the process more efficient and cost effective. Although, process modelling and optimization is not a new approach, still complicacy persists in modelling of surface roughness and vibration as these responses are affected by various parameters up to different ranges. Various modelling, optimization and simulation approaches have been adopted by researchers for optimization of surface roughness and vibration so far. Palanikumar (2010) carried out statistical modelling using RSM to investigate the effect of process parameters on surface roughness and delamination factor in turning operation of glass fiber reinforced composite. RSM central composite design matrix was employed for the experiment. The adequacy of the model was verified at 95% confidence level within limit of input parameters being considered. Asilturk and Naseli (2012) conducted multi objective optimization along with empirical models for surface roughness parameters optimization with respect to cutting parameters (cutting speed, feed rate, depth of cut) in CNC turning of AISI 304 stainless steel. It was observed from the analysis that feed was the most significant factor influencing surface roughness. Gupta et al. (2011) applied Taguchi-Fuzzy multi response optimisation for output responses like surface roughness, power consumption, cutting force and tool life with respect to cutting parameters along with cutting conditions (dry, wet, cryogenic) and nose radius in CNC turning of tool steel. They fuzzified the signal to noise ratio (S/N) of output parameters to make comprehensive output measure (COM) which was being used as response for single objective optimization.
Surface roughness not only varies according to cutting parameters but also with the progress of tool wear. So, a signal which presents the interaction effect between cutting tool and workpiece should be studied when surface roughness is the main concern. Kirby et al. (2004) developed a mathematical model in terms of feed rate and vibration signal along cutting, feed and thrust direction during investigation on surface roughness. Risbood et al. (2003) developed a prediction equation using ANN taking radial vibration of tool holder as a feedback signal. Rudrapati et al. (2016) studied the effect of process parameters of cylindrical grinding process on the responses like workpiece vibration and surface roughness using RSM methodology. Process parameters were optimized for the desired responses using multi objective genetic algorithm and predicted model was verified using confirmatory test. Routara et al. (2010) attempted a new multi response optimization for cylindrical grinding parameters by incorporating Taguchi philosophy with weighted principal component analysis (WPCA).
Most of the optimization methods are associated with some assumptions, conflicts and constraints. Usual conflict faced by the researchers is the implementation of weightage to find out the optimal settings. From the literature, it is evident that optimization problems neglect the correlation of responses but this is not valid in real application for all cases.
To meet such challenges, a new hybrid optimization technique has been implemented in the present work. The study has been carried out experimentally. Data analysis and modelling has been attempted using RSM and ANOVA. Effect of process parameters (spindle speed, feed rate, depth of cut) on responses such as surface roughness and tool vibration has been analyzed using 3-D contour plot. Optimization of the output responses for evaluating the best combinations of input parameters has been carried out by using WPCA technique. In this method the co-related responses are converted into uncorrelated indices termed as principal components considering accountability proportion (AP) value as weightage. Finally the individual principal components have been merged to get a single composite principal component regarded as multi response performance index (MPI). MPI values have been utilised as index for single objective optimization.
Analysis and optimisation methodology

Response Surface Methodology (RSM)
RSM is a collection of statistical and empirical methods which is very useful for developing, improving, and optimizing processes parameters (Phadke, 1995) . RSM is extensively used in the situation where various input variables significantly influence some output responses or quality index of the process. Sometimes the input variables are also called independent variables. RSM is mostly used to analyze the influence of input parameters on the specific responses (Routara et al., 2012) . This method can also be used to define the contribution of the independent variables (input parameters) on the desired responses (output parameters). The vital purpose of developing regression models is to co-relate the responses with the independent variables which lead to optimization of the process parameters. Commonly used mathematical model for the response y and independent variables ξ1, ξ2… ξk can be represented as
where, ε is termed as a statistical error, which is normally distributed by response y with mean zero and variance σ 2 . Then,
The variables ξ1, ξ2,…., ξk in Eq. (2) are called as natural variables, as they are expressed in the natural units of measurement. However it is more convenient to use coded variables (x1, x2, x3...) which are dimensionless. The response function (ƞ) can be written as
It is evident from the literature that second orders mathematical model is mostly used due to flexibility, wide variety of functional forms and use of significant least square method. Second order quadratic model can be expressed as
where, βjs are regression coefficient and xjs are coded form of independent variables.
Weighted Principal Component Analysis (WPCA)
To optimize the multi response objective, Su and Tong (1997) proposed a new method called as principal component analysis. Approach of this method is preceded through different steps (1) normalization of each response, (2) Checking of co-relation between different normalized responses, (3) conversion of the normalized responses to un-correlated index regarded as principal components (Liao, 2006) . The principal components are calculated as
where, Yi is the normalized value of i th responses (i= 1, 2,.....,r). For computation of PCA, k (k ≤ r) number of components can be obtained for the explanation of variance of the responses. The coefficient aji is termed as eigen vector, where ∑ 1 . The selected principal component is used as an index to optimize the multi response problem. However, two shortcomings are related with PCA method. First, if the principal component value is greater than one and second, as the principal components are explained by total variation, multi response performance index can't be replaced by multi response solutions. In order to overcome these challenges, weighted principal component analysis (WPCA) is incorporated (Datta et al., 2009) . As each principal component has its own variance which may not be same, in this study variance of every principal component is used as the weight to compute multi response performance index (MPI). MPI can be calculated as
where, Wj is regarded as weight of the corresponding principal component. MPI value defines the response for the single objective optimization and it is regarded as the quality index. Hence, greater is the MPI value, more is the quality.
Experimental Details
Design of Experiment (DOE)
Under the umbrella of DOE, most of the researchers design their experimental plans to reduce time and resources without compromising with quality. The result obtained from such experiments is quite easy to analyze as the experimental errors are minimized (Rudrapati et al., 2016) . In this study, RSM BoxBehnken design has been applied for experimentation considering three levels of the three input parameters (N, S, t). The input machining parameters and their levels are shown in Table 1 . The experimental design matrix developed by Box-Behnken design is given in Table 2 . It represents all combinations of factors consisting of twelve points at the centre of the edge of the face of the cube and one point at centre of the cube with three replications. Total 15 numbers of combinations are formulated for the experimentation. 
Machine and material
The machine tool used for this experiment is a HMT CNC lathe having FANUC control system. The CNC lathe is equipped with 3200 RPM maximum spindle speed, 1-699 mm/min feed rate and 0.3 KW output power. For generation of machined surface, CNC part programmes have been created using Gcodes. For the better performance in machining, CVD coated tool are used in the experiments. The tool used for machining is K-10, WIDIA inserts having hardness 1570 HV, density 14.5 g/cc, transverse rupture strength 3800 N/mm 2 and tool specifications: -6º--6º-11º-8º-36º-90º-0.8 (mm). The experiments are carried out on 15 numbers of same composition aluminum alloys bar having dimension Φ22 × 60 mm (Fig. 1) . The mechanical properties of the work piece specimen are as follows: hardness: 124 HV, ultimate tensile strength: 1.8-26 kgf/mm 2 , melting Point: 660⁰ C, density: 2600-2800 kg/mm 3 and its chemical composition is Cu-0.01%, Mg-0.64%, Si-0.70%, Fe-0.17%, Mn-0.11%, Zn-0.06%, Ti-0.03%, Cr-0.01%, remaining Al.
Fig. 1. Photographic view of machined workpieces
Vibration and Roughness Measurement
Tool vibration has been measured online during machining by placing uniaxial piezoelectric accelerometer (Make: syscon Instrument Pvt. Ltd., Bangalore, Model: 353b31) on the tool holder, as shown in Fig. 2 . The output of the accelerometer is fed to the digital real-time oscilloscope with FFT module (Make: Tektronix, Model: TDS 2MM), which gives the mechanical signal in terms of electrical signal. From literature (Feng, 2001) , it is evident that amplitude parameter of vibration has significant effect on tool vibration so the amplitude parameter (db) is selected as a response. Root mean square (RMS) value of the amplitude parameter has been calculated which is used as vibration response. Initially, trial run are carried out by placing the accelerometer in radial (X), axial (Z) and cutting (Y) directions to observe the significant effect of tool vibration. Initial run reveals that tool vibration has significant effect in Z-direction, therefore vibration data in Z-direction has been acquired for the case study. Surface roughness measurement is carried out by using contact type stylus profilometer Talysurf (Make:Taylor Hobson, Surtronic 3+, UK). The photographic view of the profilometer set up is shown in Fig. 3 . Profilometer is equipped with a diamond stylus of 5 µm tip radius. The arithmetic average amplitude parameter (Ra) is widely used in industry; the same parameter has been considered in this study. Roughness of each specimen is measured thrice and average values of the calculated Ra values are recorded. Obtained results from tool vibration and surface roughness measurements are shown in Table  3 . 
Results and Analysis
To analyze the measured responses for the input parameters, checking for adequacy of the model is essential. The model adequacy can be checked by incorporating verification of regression model, model coefficient, and lack of fit value (Senthilkumar, 2014) . To satisfy all these purposes, ANOVA is the appropriate choice and the same has been applied in this study. To find out the best combination of input parameters for better surface finish and less vibration, a multi output optimisation technique is also performed.
Analysis of Surface Roughness and Tool Vibration
The main purpose of data analysis is to find the significant individual and interaction effects of independent variables on the dependent responses (Rudrapati et al., 2016) . ANOVA analysis has been performed using the software package Design Expert 7.0. There is various type of regression model such as linear, quadratic, interaction. Quadratic model is chosen for both surface roughness and tool vibration as it is recommended by fit summary. The results of the ANOVA analysis are presented in Table 4 (Surface Roughness) and Table. 5 (Tool Vibration). The value of R 2 for both surface roughness and tool vibration are more than 90%, which reveals that the model has very good correlation with the experimental data. The adjusted R 2 value for surface roughness and vibration are 99.84% and 89.41% which indicates good correlation. Both of the Surface roughness model and Vibration model are statically significant as p-values are less than 0.05, considering 95% confidence level. For surface roughness, lack of fit term is not significant which is desirable; however in case of vibration, lack of fit is significant. Therefore further investigation is necessary for tool vibration analysis. From Table 4 , it can be concluded that individual effect of feed rate (S) is most significant for surface roughness as it has the highest Fvalue (Lowest P value). Along with the feed rate, the individual effect of spindle speed (N), depth of cut (t) and the second order effect of spindle speed (N 2 ), feed rate (S 2 ) and depth of cut (t 2 ) are significant terms for the model as the corresponding p-values are less than 0.05. The interaction effect of spindle speed-feed rate (N-S), spindle speed-depth of cut (N-t) and feed rate-depth of cut (S-t) are not found to be significant as p values of the terms are less than 0.05. ANOVA analysis for tool vibration is presented in Table 5 . From Table 5 , it revealed that second order term of spindle speed (N 2 ) has the highest significance in the model for tool vibration as it is having lowest p-value. Apart from this, individual effect of spindle speed (N), feed rate (S), depth of cut (t), second order effect of depth of cut (t 2 ) and interaction effect of spindle speed-depth of cut (N-t) are significant terms for this model. Rest of the terms are not significant. Although, for both the cases models are statistically significant but to improve the performance of the models, non significant terms are eliminated. After elimination of the non significant terms, improved ANOVA analysis is shown in Table 6 and Table  7 , for surface roughness and tool vibration, respectively. It can be concluded that for both surface roughness and tool vibration, R 2 and adjusted R 2 values are more than 90%. Lack of fit term is non significant for both the cases which was previously significant for tool vibration analysis. It proves backward elimination method is viable to improve the model performance. After elimination of the non-significant terms from the model, the final regression equation for surface roughness and tool vibration are given by: To predict tool vibration and surface roughness these developed regression models can be used. Fig. 4 and 5 depicts the predicted and actual values and it shows that patterns are obvious. Fig. 6 and 7 illustrates the normal probability of residuals. It reveals that all the residual points are falling in a straight line which means, the errors are normally distributed. This indicates that the developed regression model is acceptable under given experimental range.
3-D response surface plots are drawn based on the regression equations 7 and 8 for the better understanding of interaction effects of independent variables on responses. As every model comprises of three independent variables, one variable has been kept constant at its centre level for each plot. Fig. 8 and Fig. 9 depict 3-D surface plot for surface roughness, whereas Fig. 10 and Fig. 11 represent 3-D surface plot for tool vibration. Except the effect of feed rate for tool vibration all the independent variables show curvature trend for the responses and hence variation is non-linear. Fig. 8 and Fig. 9 are drawn on the basis of Eq. (7). It can be observed that surface roughness increases with increase in rotational speed, depth of cut and feed rate. However, the effect of rotational speed with surface 
Multi objective optimization
Initially, the experimental data of surface roughness and tool vibration, as shown in Table 3 , are normalized. For normalization of all the responses, lower the better criteria have been implemented by using the Eq. (9), which is given as:
where, i = 1,2,…….., m; k = 1,2,………,n. m is the number of experimental runs and n is the number of quality characteristics. The normalized responses range is kept between 0 to 1 and these are presented in Table 8 . After normalization the next step is to check the correlation between the responses. The Pearson's correlation coefficient for the responses is shown in Table 9 . It can be observed that the coefficient is a non-zero value which indicates that the responses are correlated. To eliminate correlation between the responses, PCA has been applied using the MINITAB. The details of the PCA (Eigen value, eigen vector, accountability proportion) are shown in Table 10 . Uncorrelated indexes broadly known as principal components (P1, P2) are obtained from the correlated responses using the equation 5. To calculate MPI value accountability proportion (AP) has been used as individual weight of the principal components. The value is calculated using equation 6 and obtained MPI data are shown in Table 11 . MPI value is treated as single objective function for optimization in order to minimize surface roughness and tool vibration. Higher MPI value gives better results, From the Table 11 it seems that optimum combination can be obtained nearer to the highest MPI value i.e. 1.1958. The factorial combination that maximizes MPI can be treated as optimal parametric combination or most favourable environment ensuring low surface roughness and tool vibration. This has been performed using main effect plot of mean for MPI as shown in Table 12 and Fig. 12 .
The suggested optimum level from main effect plot for MPI is N1 S1 t1. Table 13 shows the results of the confirmation experiments using the optimal machining parameters. From Table 13 , it is clear that Ra value is decreased from 0.893 μm to 0.541 μm and vibration value decreased from 80.579 db to 70.392 db. MPI value increased from 0.9362 to 1.227 from the initial setting. From Table 11 , it is observed that highest MPI value is 1.1958 having combinations of spindle speed 600 rpm, feed 25 mm/min and depth of cut 0.3 mm and responses Ra value 0.596 μm and V value 69.58 db which is higher than that of confirmation experiment shown in Table 12 . As a whole, it is found that the multiple performance characteristics in the CNC turning process are improved through this study. 
Conclusions
The aforementioned study presented an integrated application of RSM and WPCA technique for the modelling and optimization of process parameters to achieve good surface finish and lower tool vibration in CNC turning process. The outcomes of the study can be summarised as:
 ANOVA analysis reveals that feed rate and second order term of spindle speed is most influencing parameter for surface roughness and tool vibration respectively.  It can be observed that the interaction effects are not significant for the model in case of surface roughness however the interaction effect of spindle speed and feed are significant in case of tool vibration.  3 D surface plots of the responses vs. the process parameters indicate that the interaction effects exist. The combined effect of spindle speed and feed rate on surface roughness is however found to be much less than those of a) spindle speed and depth of cut and b) feed rate and depth of cut. Also, the combined effect of a) spindle speed and depth of cut and b) feed rate and depth of cut on vibration is found to be of lesser degree than those of spindle speed and feed rate.  The response surface methodology used in the recent study has been proven as an effective tool for the analysis of the CNC turning process.  Application of WPCA is an improved multi output optimisation technique by considering AP as individual weight of the principal components which merely fulfil the weightage criteria for the researchers. MPI value has been regarded as the index for single objective optimisation.  From the main effect plot for MPI, optimal conditions for both the responses are: spindle speed 600 RPM, feed rate25 mm/min, depth of cut 0.2 mm.  Confirmatory experiment has been performed at optimum condition and observed surface roughness is 0.541 μm and tool vibration is 70.392 db. MPI value is increased nby 0.2908 from the initial setting which adds a strong acceptance of WPCA technique.  The discussed approach can be suggested for modelling and multi output optimisation of various machining processes.
